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Abstract: Computational research in science and engineering requires inte-
grating diverse methods, data formats, hardware platforms, and teams of
collaborators with complementary expertise. The FAIR principles establish
findability, accessibility, interoperability, and reusability as central goals for
research outputs, and are widely adopted as criteria for good research prac-
tice. Yet the principles define goals without specifying how to achieve them
given heterogeneity in the components required by a computational study. In
practice, teams assemble ad-hoc approaches that grow fragile as components
evolve, making reproducibility and reusability difficult to sustain. We present
SHOWME.how, an approach built on three complementary pillars, Isolation,
Interoperation, and Orchestration. Each software component is isolated with
its dependencies in a self-contained environment; software components inter-
operate through language-agnostic data formats and standard transfer pro-
tocols; and we coordinate data movement, scheduling, and resource manage-
ment through a scientific workflow management system. Together, the pillars
allow computational studies to remain reproducible, portable, reusable, and
extensible to new collaborators, methods, data, and infrastructure as they
grow and evolve. We demonstrate the approach across three use cases span-
ning Bayesian calibration of a hemolysis model and a geophysical mass flow
model, and benchmarking of Gaussian process emulators for high-dimensional
problems.

Keywords: computational workflows, heterogeneity, reproducibility, FAIR,
high-throughput computing, inverse problems, benchmarking

1 Introduction

Modern science and engineering has become highly computational, and increasingly in-
terdisciplinary, hence collaborative by design. To answer a scientific question, solve an
engineering problem, or develop a novel method or design, we routinely rely on data
from experiments, field observations, and simulations, on computational models and al-
gorithms implemented in several programming languages, on computational infrastruc-
ture ranging from laptops to high-performance computing (HPC) clusters and cloud,
and on a diverse team of collaborators having experience in different domains, meth-
ods, and tools. In practice, a computational scientist who can develop and implement

1/ 28

4\!.\..\\\"\“‘”[1/0

o
&

oy .
z N
e


https://github.com/thealanjason/showmehow_concept/tree/c44e5c4d2a577a79a59515991144ca8dbdcb3a5d/
https://orcid.org/0009-0000-7947-7810
https://orcid.org/0009-0000-9790-664X
https://orcid.org/0000-0002-2257-7025
https://orcid.org/0000-0003-4123-5896
mailto:correa@mbd.rwth-aachen.de
mailto:yildiz@mbd.rwth-aachen.de

SHOWME.how: FAIR Computational Research E}

computational models may work alongside a domain expert who has access to field data
and application-specific knowledge, and a specialist in uncertainty quantification who
has knowledge of probabilistic and statistical methods. In addition, a data scientist who
manages and curates the data flowing through the study, and a research software engi-
neer (RSE) with expertise in building reliable and maintainable research software, often
completes the research team. This diversity of competences is intrinsic to real-world
research and development teams and necessary for productive science and engineering.
Yet the systems these teams build are not only difficult to assemble, but also tend to
grow fragile over time, resulting in work that is hard to reproduce and hard to reuse.

In contrast to this observation, computational research has often been approached
as a problem of assembling appropriate software components and data pipelines. Sci-
entific workflow management systems (SWMSs), for instance, coordinate software and
data flows [LHWF26, SCAT26], but we observe that they treat human collaborators as
external operators rather than integral parts of the system. The computational research
ecosystem (Figure 1), however, is where data, computational units, and human collab-
orators interact as integral parts of the same system. This broader view reveals that
heterogeneity is amplified by the collaborators themselves, each bringing preferred tools,
languages, and environments to the study.

Computational @

Research
Human
Ecosystem Collaborator
Scientific
Workflow Computational

Unit

Figure 1: The computational research ecosystem. A scientific workflow (dashed box)
orchestrates data and computational units but treats human collaborators as external.
Optimal utilization, however, requires treating all three as integral parts. Visual encod-
ing: computational units (black-bordered boxes), data (blue clouds), human collabora-
tors (green rectangles).

The FAIR principles [WDAT16, BCK™22, WAB"25, GCS™20] define the attributes
that scientific data, software, and workflows should exhibit, making findability, acces-
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sibility, interoperability, and reusability central goals in scientific research. Yet while
these goals are well established, a concrete path to achieve them in the face of het-
erogeneity across data, methods, computational infrastructure, and collaborators is far
from straightforward. Having individually reproducible and reusable components does
not guarantee a reproducible and reusable system; none of the FAIR properties is in-
herited once components are pieced together. For example, two components that each
run reliably in isolation may still fail when connected if their compute environments
conflict. Some teams even turn to SWMSs to build and operate these heterogeneous
systems. However, these tools automate execution and scheduling but leave isolation
and interoperation strategies to the team.

Taken together, these observations point to a deeper issue: modern computational
research can no longer be reduced to ensuring the FAIRness of individual components or
assembling software components and data pipelines. The system that emerges is more
than the sum of its parts and tends to grow fragile as it evolves. Hence, we frame a
computational study as a goal-oriented, strongly coupled sociotechnical system in which
data, computational units, and human collaborators interact bidirectionally to generate
value. This perspective reveals challenges that existing approaches do not address: FAIR
properties are not inherited when individual components are pieced together, and exist-
ing tools leave the practical challenges of building and maintaining such computational
studies to human collaborators.

We characterise the practical challenges that motivate the approach (Section 2.2) and
survey the state of the art (Section 3). We then present SHOWME.how (Section 4), an
approach built on three complementary pillars, Isolation, Interoperation, and Orchestra-
tion, that together allow a computational study to remain functional as it evolves. We
apply the approach to three use cases spanning Bayesian calibration of a hemolysis model
and a geophysical mass flow model, and benchmarking of Gaussian process emulators
for high-dimensional problems (Section 5). We then show how the pillars operationalize
robustness as the study evolves (Section 6). A gallery of use case implementations and
living documentation is available at http://mbd-rwth.github.io/showmehow.

2 The Computational Research Ecosystem

Scientists and engineers conduct computational studies to answer research questions,
develop models, and address engineering challenges. The computational research ecosys-
tem supporting these studies is characterised by bidirectional interactions between three
classes of components: data, computational units, and human collaborators (Figure 1).
A computational unit couples a model or algorithm, in its concrete implementation, with
the compute environment in which it runs. The compute environment has two layers.
The software ecosystem covers the programming language and operating system required
by the implementation. The hardware platform covers the physical or virtual resources,
local or remote, on which the computational unit executes. Data comprises the inputs
consumed by computational units, the outputs they produce, and the intermediate arte-
facts exchanged between them. Human collaborators are the researchers, engineers, and
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domain experts who design and operate the study, and interpret its results. In principle
this role could also be filled by Al agents, but we restrict our attention solely to human
collaborators in this work.

The components of the computational research ecosystem are heterogeneous by nature.
Data appears in many formats and structures, from geometries, boundary conditions,
and observations as inputs, to quantities of interest, metrics, visualisations, and reports
as outputs. These data may reside on local disks, in cloud object storage, or in data
repositories. Models and algorithms span physics-based simulators and their surrogates,
data-driven models, and frameworks for design, optimisation, inference, and analysis.
Compute environments vary in both software ecosystem and hardware platform. The
software ecosystem ranges across programming languages such as Python, Julia, R, C++,
Fortran, and MATLAB, each typically dictated by the models and algorithms in use, and
operating systems such as Linux, macOS, and Windows. The hardware platform ranges
across local workstations, HPC clusters, and cloud, with accelerators such as GPUs
alongside CPUs. This diversity stems from the dynamic nature of the computational
research ecosystem and from the decisions made by human collaborators when designing
computational studies. Domain specialists, methods experts, data scientists, and RSEs
each bring different skills, training, and preferred toolsets to the study.

Figure 2 illustrates these components in a representative computational study: the
Bayesian parameter calibration of a shallow mass flow model used in geophysical hazard
simulation. This inverse problem is solved by chaining three computational units: a
forward simulator, a surrogate model, and a calibration process, each developed and
operated by collaborators with complementary expertise.

2.1 Recurring Workflow Patterns

Within the computational research ecosystem, human collaborators increasingly organise
their computational studies using scientific workflows, in which we commonly encounter
three recurring structural patterns (Figure 3). These patterns describe how computa-
tional units and data are coordinated; we introduce them here as they are referenced
throughout the paper.

Pattern A: Parameter Sweep Pipeline In a computational study using a parameter
sweep pipeline, a single computational unit processes many distinct input configura-
tions. A Generator produces a large set of inputs (parameter sweeps, different initial
conditions, or sampled configurations); each generated input is independently dispatched
to a Method (a model or algorithm). The Method processes each input and produces an
output; the outputs are collected by a Collector and aggregated into a dataset for down-
stream use. Common instances include training a surrogate model from a physics-based
simulator using a space-filling sampling scheme that spreads samples across the rele-
vant parameter ranges (see Figure 2), forward uncertainty propagation via Monte Carlo
sampling where output statistics are derived from the ensemble, and Sobol sensitivity
analysis where the full (input, output) dataset is processed to compute variance-based
sensitivity indices.
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Figure 2: A computational study and the dimensions of its heterogeneity in data, compu-
tational units, and human collaborators. Top: a representative study in action: human
collaborators (green rectangles) with different expertise coordinate computational units
(black-bordered boxes) that consume and produce data (blue clouds) to carry out a
research task. Bottom: the anatomy of a scientific workflow: a computational unit

transforms input data into output data through a model or algorithm executed in a
compute environment.
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Figure 3: Three recurring workflow patterns in computational studies: Pattern A (param-
eter sweep pipeline), Pattern B (fan-out/fan-in pipeline), and Pattern C (model-based
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black-bordered boxes.
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Pattern B: Fan-Out/Fan-In Pipeline In a computational study using a fan-out/fan-in
pipeline, many distinct computational units process the same input data. A Genera-
tor produces a shared input that is dispatched to multiple Method implementations;
each produces an output, and the outputs are gathered by a Collector for comparison.
Herein, the Method implementations are of the same model or algorithm, differing in
their mathematical formulation, programming language, or both. Common instances in-
clude method benchmarking, where competing implementations are evaluated against a
shared input; ensemble runs with different random seeds, whose outputs are aggregated
to characterise variability or assess convergence; and inference diagnostics, where shared
inference results are fanned out to complementary analyses and gathered into a report.

Pattern C: Model-Based X in an Online Loop In a computational study using a model-
based online loop, a model and an algorithm are coupled iteratively, exchanging data
repeatedly until a desired objective is achieved. A Model and an Algorithm are coupled
at run time as a client—server pair; the Algorithm drives the Model iteratively, requiring
both to run simultaneously. Common instances include optimisation, where the model
is queried iteratively to optimise an objective, inverse uncertainty quantification (UQ),
such as parameter calibration (see Figure 2), model selection, and optimal experimental
design, and data assimilation, where observations are used to update posterior estimates.

In any of these patterns, computational units can be instantiated in parallel when
resources allow, reducing wall-clock time without changing the pattern structure. The
patterns can also be composed. The Method in Pattern A or Pattern B may itself be a
Pattern C, where a model and an algorithm are coupled in an online loop. Furthermore,
a computational unit may itself house tightly coupled internal components, such as an
MPI-parallel multi-physics solver or a co-simulation.

2.2 Challenges in the Computational Research Ecosystem

The computational research ecosystem is constantly evolving: new data sources become
available, computational units are updated, replaced, or added, and human collaborators
join or leave. Each such event is a potential point of failure. In practice, teams of
human collaborators performing computational studies deal with the heterogeneity of
the computational research ecosystem in one of two ways, each of which falls short as
the ecosystem evolves.

Data feedforward. Human collaborators complete their part of the computation and
manually transfer results to the next collaborator via shared drives or messaging. This
allows each human collaborator to work with their preferred tools and workflows, at the
cost of data versioning, traceability, and provenance. For studies following Pattern C
(Section 2.1), such as Bayesian parameter calibration, where a UQ method must query a
forward model iteratively throughout the inference process, the approach is not merely
inefficient but physically infeasible.
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Software wrappers. Human collaborators target composability of computational units
through wrapper libraries, which expose models and algorithms implemented in different
programming languages through a unified interface. The responsibility of writing and
maintaining these wrappers falls on human collaborators. When an underlying library
updates, the wrapper must follow; if it does not, the study either breaks or is locked to an
older version of the model or algorithm. As a result, such wrappers frequently go stale.
Moreover, adopting a newly published model or algorithm in a different programming
language requires writing a new wrapper or forgoing it entirely.

The limitations of the above two approaches reveal deeper technical challenges that
persist regardless of which is adopted, rooted in how computational units and data are
managed within the computational research ecosystem.

Unit-level reproducibility. A reproducible computational study requires that each com-
putational unit be individually reproducible. In practice, missing or incomplete envi-
ronment specifications often make it impossible to rebuild the compute environment in
which a unit was intended to run [CP16].

Dependency conflicts. Computational units developed independently sometimes require
incompatible versions of the same library or runtime. Sharing a single environment, as in
the software wrapper approach, makes these conflicts irreconcilable, forcing collaborators
to compromise on versions or maintain fragile patches.

Environment drift. Even without deliberate changes, a computational unit that ran
correctly months ago may silently fail today, as upstream packages are updated, system
libraries change, and package registries remove older versions. Without explicit environ-
ment pinning, the software ecosystem drifts over time and results become irreproducible.

When human collaborators assemble computational units into a scientific workflow,
further challenges emerge that become visible only from a systems perspective.

Language-tied data formats. Data is commonly serialised in formats tied to a specific
language, for example .pkl or .npy in Python, or .jld2 in Julia. These are convenient
within one programming language ecosystem but become barriers when a study needs
to incorporate new human collaborators or computational units that require different
programming languages, forcing data conversion or language adoption. Adopting a newly
published model or algorithm compounds the problem, as it either cannot read existing
data or requires a conversion step, adding friction precisely where rapid prototyping
matters most.

Provenance and traceability. As data flows between computational units, tracking which
version of which unit produced a given result becomes non-trivial. Without explicit
provenance, debugging unexpected results requires reconstructing the chain of compu-
tation by hand, which is expensive when units involve long-running HPC jobs. More
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broadly, without provenance, scientific claims produced by the study cannot be verified
by reviewers or collaborators.

Platform portability. Human collaborators work on different operating systems — Linux,
macOS, and Windows — meaning that units must remain functional across host oper-
ating systems that may resolve package dependencies differently or behave differently
at runtime. Additionally, moving a computational study from a local workstation to an
HPC cluster or cloud environment reveals assumptions baked into computational units
about the host environment: container runtimes differ, schedulers vary, and what runs
on a laptop may not run on HPC without unit-code changes. A further complication
arises when different units must run on different infrastructure simultaneously, such as
a computationally expensive model on HPC alongside a lighter unit running locally,
requiring the study to coordinate across infrastructure boundaries at runtime.

Coordination overhead. As a computational study grows in the number of units and the
complexity of their dependencies, manually tracking which units to run, in what order,
and where their outputs go becomes error-prone and unsustainable. Interrupted runs
compound the problem, requiring manual identification of completed steps and selective
re-execution. Such a process is both fragile and time-consuming.

Human collaborator harmonization. Human collaborators occupy distinct roles: a do-
main specialist brings the problem and domain expertise, a methods expert brings the
algorithmic solution, a data scientist manages, curates, and analyses the data flowing
through the study, and an RSE builds and maintains the necessary infrastructure for the
study. They also span different stages of experience, from master’s students contributing
individual units to principal investigators guiding the overall computational study. A
shared vocabulary and clear input/output interfaces for each computational unit must
be negotiated across all these roles and stages.

Together, these challenges make it difficult to build and sustain computational studies
involving heterogeneous data, computational units, and human collaborators in a way
that supports productive and efficient research.

3 State of the Art

A range of tools and standards address parts of the challenges described in Section 2.2.
Each covers one or more dimensions of the problem but leaves others open.

Normative frameworks. The FAIR principles establish normative criteria for research
outputs to be Findable, Accessible, Interoperable, and Reusable [WDA™16, BCK 22,
GCS™20, WAB™25] across scientific data, software, and workflows, but do not prescribe
how to achieve these properties when the components of a computational study are
heterogeneous.
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Software dependency management. Conda [con] and Mamba [QM] manage software
dependencies by creating isolated, reproducible environments. Container tools such as
Docker [Merl4] and Podman [HWB™18] extend this isolation to the operating system
level, packaging a unit and its dependencies into a self-contained image. Together, these
tools can make an individual unit reproducible. When a study involves multiple units
with conflicting dependencies, however, sharing a single environment across the whole
study is not viable; each unit requires its own isolated environment. None of these tools
individually addresses how units with isolated environments should exchange data or be
orchestrated together.

Scientific workflow management systems. Scientific workflow management systems co-
ordinate execution and data flows across computational units. Suter et al. [SCA™26] pro-
vide a unified terminology, distinguishing scheduling models, environment integration,
and data handling as key axes of variation; Nextflow [DCF*17] and Snakemake [MJL"21]
are representative systems. For environment specification, SWMSs typically rely on
conda or containers; Spack [GLCT15] is natively supported by Nextflow as an HPC-
focused alternative, while Nix and Guix [VMT22] offer stronger reproducibility guar-
antees through cryptographic hashing of the full dependency graph but require cus-
tom tooling outside standard SWMS environment directives. Six SWMSs are evaluated
in [DGL723] against reproducibility and reuse criteria, finding per-process environment
specification the most portable approach, but identifying an unresolved tradeoff between
strongly-typed process interfaces and wrapper overhead that forces unit-code modifica-
tion. Cohen-Boulakia et al. [CBC™17] evaluate SWMSs against four reproducibility levels
and find that most fail to meet system-wide packaging criteria, cannot update broken
environments without manual intervention, and require high technical skill to connect
workflows across different systems; their analysis covers life-science pipelines where units
share a common runtime and does not address settings where units differ in language,
operating system, and infrastructure. In all cases, SWMSs leave it to the team to decide
how units should be packaged and how data should be serialised at their boundaries.

Workflow platforms. Pegasus [DVJT15] focuses on executing large-scale workflows across
heterogeneous distributed infrastructure, handling job scheduling, data movement, and
fault tolerance at scale. It treats each unit as a black box, making no prescription about
how units should be packaged or what format data should take at their boundaries.
The Galaxy Project [The24] enforces reproducibility through a managed tool ecosys-
tem, primarily for bioinformatics; each tool must be registered in Galaxy’s ToolShed
with a descriptor specifying its dependencies and parameters, coupling reproducibility to
Galaxy’s own ecosystem. AiiDA [HZU"20] provides graph-database provenance track-
ing and automated workflow execution across multiple research domains; its provenance
records capture all computational steps and data dependencies in a queryable graph,
richer than the execution logs SWMSs natively produce, but it requires a dedicated mes-
sage broker, a running database instance, and Python plugin wrappers for each code.
ColonyOS [KBB™"25] provides language-agnostic orchestration across geographically dis-
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persed compute nodes through a centralised server that executors poll over HTTP, at
the cost of a persistent broker and database that all participants must connect to. All
four require either dedicated infrastructure or adoption of an existing tool ecosystem,
limiting their accessibility for general-purpose computational studies.

Complementary standards. CWL [CAT"22] provides a vendor-neutral standard for portable
workflow definitions, specifying what to run and how steps connect, but does not pre-
scribe how units should be isolated from one another, how data should be serialised at
unit boundaries, or how Pattern C (Section 2.1) should be handled when a unit runs as

a long-lived service process.

Pursuing interdisciplinary computational research in a FAIR manner requires the abil-
ity to build and sustain computational studies that accommodate the heterogeneity
of data, computational units, and human collaborators as the computational research
ecosystem evolves. Existing approaches address either the reproducibility of individual
units or the coordination across units and data, but none treats the computational re-
search ecosystem as a whole. What we need is not more tools, but an approach that
addresses all the identified challenges simultaneously.

4 SHOWME.how

We present SHOWME.how, an approach built on three complementary pillars: Isolation,
Interoperation, and Orchestration (Figure 4), to address the challenges identified in Sec-
tion 2.2. Each pillar addresses a distinct class of these challenges. A study can adopt
any one of the pillars independently, adding the others as it grows and its requirements

evolve.
W -
8 ‘ * rA KF nextflow &y snakemake
docker o
Mamba T - * Automated Data Movement
* Scheduling & Check-pointing
Package Management Containerization Data Interchange Data Exchange *  Monitoring & Metrics

Isolation Interoperation Orchestration

Figure 4: Overview of the SHOWME.how approach: Isolation, Interoperation, and Or-
chestration, with representative technologies for each pillar.

4.1 Isolation

The goal of Isolation is that any computational unit can be integrated into a computa-
tional study regardless of its programming language, operating system, and dependencies,
without interfering with any other unit, so that each human collaborator can contribute
and develop computational units in isolation. We can achieve this by encapsulating the
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compute environment of each unit through package management and containerisation,
so that units remain self-contained and portable. The right isolation strategy depends
on the specific requirements of the study. The following questions help in identifying it:

1. What software ecosystem does each unit require, in terms of programming lan-
guage, operating system, and dependencies?

2. Where will each unit run? On a collaborator’s laptop, an HPC cluster, or a cloud
environment?

3. What level of reproducibility is required? Is numerical equivalence across platforms
sufficient, or is a fully controlled environment that also pins system libraries and
floating-point behaviour needed?

4. How heterogeneous is the study in terms of human collaborators, operating systems,
CPU architectures, and infrastructure, and how much change is expected?

Isol — Package management. Isolation at this level is achieved using a language-
agnostic, cross-platform package manager. We recommend conda or mamba [con, QM],
as they are natively supported by the SWMSs we discuss in Section 4.3. A unit’s software
dependencies are specified in an environment.yml file, but this alone does not guarantee
reproducibility: package versions and all their indirect dependencies are not pinned, and
some packages resolve differently across operating systems and CPU architectures. We
therefore generate conda-lock files [con20], one per operating system and architecture,
which pin every package to an exact version so that the software dependencies of a
unit can be recreated identically on any matching platform. Per-OS, per-architecture
locks are sufficient for numerically equivalent reproducibility, ensuring consistent results
across the platforms each human collaborator uses. Other package managers such as
pixi [AZV '] and the Julia package manager [BEKS17] have locking built in by default,
but are not yet natively supported by the SWMSs we consider.

Iso2 — Containerisation. When package managers with pinned lock files are not suf-
ficient, containerisation is the next step. This applies to computational units whose
dependencies are specified through complex build systems, are not available on conda,
or require legacy software and operating systems. A container packages not just the
software dependencies but the entire operating system layer, so that the unit is fully
independent of the host operating system. Each unit requires a Dockerfile as its build
definition, which can then be built into a container image using Docker [Merl14], Pod-
man [HWBT18], or any compatible container runtime. We recommend one container im-
age per unit, so that a dependency change in one unit cannot affect any other. Container
images are architecture-specific; when the study spans multiple CPU architectures, we
need to build multi-architecture manifests that bundle architecture-specific images under
a single tag, allowing the correct variant to be pulled automatically.'

1 docker buildx is a Docker CLI plugin that enables building images for multiple CPU architectures from
a single command, producing a multi-architecture manifest.
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Iso3 — HPC. A Docker image is sufficient for laptop and cloud environments. HPC
clusters typically restrict Docker for security reasons, making Apptainer [KSB17] the
container runtime of choice. Apptainer can build images directly from an Apptainer
definition file, but when the build definition requires frequent iteration, the lack of layer-
based caching makes development slow, as every change triggers a full rebuild. We
therefore recommend the pipeline Dockerfile — Docker image — Apptainer .sif image,
converting the Docker image to an Apptainer image as a final step. This keeps a single
build definition that benefits from Docker’s layer caching during development, while
producing an Apptainer image ready for HPC deployment.

Iso4 — Automation. Maintaining lock files across operating systems and architectures,
and building container images across CPU architectures, is combinatorial work that does
not scale when done manually. We recommend automating this process using continu-
ous integration (CI). A matrix build can regenerate per-OS, per-architecture conda-lock
files on every change to environment.yml, and build and publish multi-architecture con-
tainer images whenever the Dockerfile changes. This shifts the maintenance burden from
individual collaborators to a single automated pipeline.

For units where conda-lock alone is insufficient but a full Dockerfile is too heavy, a
middle ground exists, achieved by wrapping a locked conda environment inside a minimal
container image.? This combines conda’s resolution of language-level dependencies with
the container’s control over the system layer, in a single artefact that can be built and
automated in the same CI pipeline.

4.2 Interoperation

The goal of Interoperation is that data can flow between computational units regardless
of the programming language each unit uses or the infrastructure on which it runs. We
can achieve this by adopting language-agnostic data interchange formats and platform-
agnostic data exchange protocols at unit boundaries. This directly addresses the Interop-
erability dimension of FAIR [WDA " 16], which calls for data to use a broadly applicable
language for knowledge representation, here realised through concrete format and proto-
col choices at unit boundaries. The right interoperation strategy depends on the specific
requirements of the study. The following questions help in identifying it:

1. What is the nature of the data being exchanged? Is it tabular, hierarchical, or
multi-dimensional arrays?

2. Do all units run locally, or does the study span multiple compute locations such as
a laptop, an HPC cluster, or cloud infrastructure?

3. What is the pattern of data exchange? Does the study transfer data once per unit,
or does it involve repeated exchanges during execution?

2 Both SWMSs can also produce such images automatically. Snakemake’s --containerize flag emits a single
Dockerfile bundling a workflow’s conda environments, and Nextflow’s Wave service builds a container
image on demand for each declared conda environment.
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4. How might the interoperation needs of the study grow? Will the volume of data
increase, or will the heterogeneity of units exchanging it?

Intl — Data formats. All data at unit boundaries must use language-agnostic inter-
change formats, so that adding a unit in a new programming language never requires
changes to existing units. Language-specific binary formats such as .pkl (Python), .npy
(NumPy/Python), and .jld2 (Julia) should not appear at boundaries, as a human col-
laborator using R or C++ would need to install and maintain a Python or Julia runtime
solely to read another unit’s output. Text formats such as CSV and JSON are portable
and an acceptable starting point when the data is not numerically heavy; they become
a poor choice when the data consists primarily of floating-point values, as they are
string-based, which introduces significant storage overhead and risks precision loss when
insufficient digits are written.? For data consisting primarily of floating-point values, we
recommend binary formats: HDF5 [The] or netCDF [NDR] for hierarchical and struc-
tured data, Zarr [MK23] for multi-dimensional arrays, and Apache Parquet [Apand] for
tabular data.

Int2 — Location. The exchange mechanism between computational units depends on
where they execute. Filesystem exchange is the simplest starting point, with no network
dependency; each unit writes its output to a file path and the next unit reads from it.
This holds whether units execute on a single laptop or across nodes of an HPC cluster
with a shared filesystem such as Lustre or GPFS. On Windows and macOS, Docker
containers run inside a Linux virtual machine and cannot directly access the host’s inter-
process communication mechanisms; filesystem exchange and network protocols are the
only reliable options for same-machine exchange between a containerised unit and a
non-containerised one. We recommend starting with filesystem exchange and switching
to remote storage only when the study spans separate infrastructures with no shared
filesystem between them, such as a laptop and a cloud instance or two separate HPC
systems. S3-compatible object storage suits this case well, as it is accessible from any
infrastructure via HT'TP and requires no shared mount. When the source or destination
exposes a filesystem rather than an object store, such as a remote workstation or an
existing dataset on a server, SF'TP is more appropriate.

Int3 — Bandwidth. Bandwidth governs how much data can flow across computational
units per unit time. It becomes the limiting factor in two situations: when units ex-
change large volumes of data in bulk over a network; and when units exchange data at
high frequency, as in Pattern C (Section 2.1), where one unit queries another repeatedly
during execution. For bulk transfers, we recommend Zarr [MK23] over HDF5; unlike
HDF5, Zarr is designed for chunked access over HT'TP and S3, making it well-suited
to large array data moving across a network or object storage. For high-frequency ex-

3 A 64-bit double requires 17 significant decimal digits for a guaranteed round-trip, leading to string
representations of 20-24 ASCII characters (160-192 bits) versus 64 bits in binary (a bloat factor of
approximately 2.5-3x).
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change, we recommend an HTTP-based client—server approach, where one unit acts as a
server exposing its computation and the other acts as a client that queries it repeatedly.
The approach requires choosing a transport protocol and a serialization format. HTTP
provides a simple, cross-language point-to-point interface with broad support. For the
serialization format, JSON is acceptable when payloads are small, but its overhead grows
with array size and can become a bottleneck for large numerical payloads; binary for-
mats such as MessagePack [mes] or Protocol Buffers [Pro08] impose substantially lower
serialisation overhead. UMBridge [SCD™23] provides a ready-made implementation of
this approach for model-based uncertainty quantification; it uses HI'TP and JSON and
requires no manual data transfer, but its interface accepts only array-based inputs and
outputs, making it unsuitable when units need to exchange data that is not array-based.

As a rule of thumb, start with CSV or JSON and filesystem exchange; move to binary
formats such as HDF5, Zarr, or Parquet as the data becomes primarily floating-point.
For the exchange mechanism, switch to remote storage when the study spans separate
infrastructures; adopt an HT'TP-based client—server approach only when units need to
exchange data at high frequency during execution.

4.3 Orchestration

The goal of Orchestration is that the study runs reliably end-to-end, even as units are
added, collaborators change, or the infrastructure it runs on evolves. We can achieve this
by using a SWMS to automate scheduling, data movement, and checkpointing, so the
study can operate seamlessly as its needs grow. The right orchestration strategy depends
on the specific requirements of the study. The following questions help in identifying it:

1. Is the study complex enough to warrant a SWMS? How many units are there, and
how complex are their dependencies?

2. Does the study need to execute across different infrastructure, such as running
some units locally and others on an HPC cluster or cloud, and what schedulers or
executors does that require?

3. Would restarting the study from scratch on failure be costly, either because indi-
vidual units are long-running or because the study involves a large number of unit
executions?

4. Does the study require any unit to run as a long-lived service process, as in Pat-
tern C, rather than completing after a single execution?

Orchl — Automation. In a computational study with few computational units and
human collaborators that runs once, execution can be coordinated with a script. A
SWMS becomes necessary when the study needs to run repeatedly, when units span dif-
ferent environments or infrastructure, or when manual data movement and environment
activation becomes a bottleneck.

We use Nextflow [DCF*17] and Snakemake [MJLT21] as representative examples
throughout this section; SHOWME.how is not tied to any particular manager, and a
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broader survey of the landscape is available in Suter et al. [SCAT26] and [DGL"23].
Nextflow runs on Linux and macOS (with WSL on Windows); Snakemake is cross-
platform. Workflow extensions in Nextflow require Groovy and the JVM; Snakemake
extensions are written in Python. Both managers share a similar unit contract, where
each unit declares its inputs, outputs, script, and compute environment.* This contract
ties directly to both preceding pillars; the environment declaration activates the isolation
strategy defined for each unit, and the input/output declarations specify where and how
data crosses unit boundaries. The contract also serves as the shared interface through
which human collaborators with different roles can understand and contribute to indi-
vidual computational units without needing to understand the implementation of every
other computational unit in the study.

Orch2 — Scheduling.  Scheduling determines where and how units execute. Both Nextflow
and Snakemake follow a static planning approach [SCA™26], resolving the full depen-
dency graph before execution begins and submitting each unit only when its declared
inputs are available. They differ in how dependencies are expressed; Nextflow uses a
dataflow paradigm where units are connected by explicit data channels, and Snakemake
uses a file-based paradigm where dependencies are inferred from input and output file
paths. A SWMS submits each unit to the appropriate executor automatically, whether
a local process on a laptop, a SLURM job on an HPC cluster, or a cloud executor. In
most cases, moving the study to a different infrastructure requires no changes to unit
code; only the configuration specifying where and how units execute changes.

Orch3 — Incremental execution. Incremental execution means the SWMS tracks which
units have completed successfully and skips them on rerun, so a failure mid-run restarts
from the last completed unit rather than from scratch. This becomes essential when
individual units are long-running or the study must execute a large number of them.
Snakemake tracks completion through five default rerun-triggers: modification time and
input files are tracked by file modification time, while code, parameters, and software
environment are tracked by a hash; a unit is rerun whenever any of these change, and re-
running the same command resumes automatically. Nextflow achieves the same through a
work directory with per-task hashes that incorporate task inputs, script content, software
environment, container, and a session identifier; re-running the same command starts
fresh because the session identifier changes, so the —resume flag is required to resume from
cached results. The work directory accumulates over time and requires periodic cleanup
with nextflow clean. Beyond that, neither manager tracks changes to resources not
declared as workflow inputs, and incremental execution assumes deterministic outputs.
Both managers also capture basic execution provenance. Snakemake generates an HTML
report with DAG visualisation, runtime statistics, and input/output records; Nextflow
supports provenance through the nf-prov plugin [nex24], which produces records in RO-
Crate [SSCT22] or PROV [LSM"13] format but requires explicit setup.

4 Snakemake’s native container runtime is Apptainer; Docker images declared in the environment are
converted automatically.
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Orch4 — Service processes. Pattern C (Section 2.1) requires a unit to run as a long-
lived service process, specifically a model server that must remain alive while a client
unit queries it repeatedly. Scientific SWMSs assume each unit starts, runs, and exits;
a service process breaks this assumption. In Snakemake, a unit can be declared as a
service rule; it is started before dependent units and terminated automatically once all
consumers have finished. Nextflow has no native support for service processes. The
common workaround is a file-based sentinel, where the server writes a file when it is
ready and the client unit declares that file as an input dependency. The workaround
has two failure modes. If the server crashes before writing the sentinel, the client unit
never starts and the workflow stalls; if the server crashes after the client has started,
the client cannot reach the server’s URL and port and crashes with a connection error.
Studies using Snakemake can use native service rules; studies using Nextflow can rely on
the file-based sentinel workaround.

5 Use Cases

We applied the SHOWME.how approach to three studies spanning biomedical engineer-
ing, geophysical mass flow simulation, and high-dimensional surrogate modelling, col-
lectively covering all three patterns from Section 2.1. The three studies are illustrative
rather than exhaustive, but representative of the approach in practice.

5.1 Bayesian Calibration of a Hemolysis Model

In this study, we infer the parameters of a computational hemolysis model [DB26]
that predicts red blood cell damage under mechanical stress, using Bayesian calibration
against experimental measurements. Three collaborators with complementary expertise
contribute to the study: a domain expert using macOS and familiar with Python, who
has access to experimental data and can assess whether results are physically plausible;
a UQ-methods expert on Windows in Python, who designs the calibration study and as-
sesses whether the results are meaningful; and an RSE on Linux working across multiple
languages, who builds and maintains the study and supports experiments. The study
consists of a forward model, an MCMC unit, and a report unit. The forward model takes
control variables and design parameters as inputs and returns a predicted hemolysis in-
dex; it is available in both Python and Julia, selectable at runtime. The MCMC unit
queries the forward model in an online loop to infer model parameters (Pattern C). The
report unit compiles results and diagnostics from the MCMC outputs. The study can
run a single calibration or fan out across a sweep of experimental datasets (Pattern A)
or across competing hemolysis model implementations (Pattern B), applying the same
calibration setup to each variant.

The computational units are isolated in dedicated conda environments (Isol); the Ju-
lia forward model is instead containerised in Docker (Iso2), as it cannot be managed
through conda. A container definition file that mimics the Dockerfile creates the App-
tainer image for HPC deployment (Iso3), so porting requires no modifications to unit
code. Experimental data are fetched from a remote repository at setup time and prepro-
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cessed to CSV; MCMC outputs are written in NetCDF using the ArviZ interface. Both
are language-agnostic formats exchanged through the filesystem, so any unit can con-
sume results regardless of language (Intl, Int2). The MCMC client queries the forward
model via the UMBridge interface, so the two units exchange data without any language
bridging (Int3). Each unit declares its inputs, outputs, script, and environment as a
self-contained contract; the full workflow is automated in Nextflow (Orchl), which limits
concurrency based on available resources when running calibrations in parallel (Orch2)
and skips completed runs on rerun (Orch3). The forward model server writes a sentinel
file containing its network port to a shared directory; the MCMC client starts and waits
until the file is present before connecting (Orch4).

We ported the study to HPC by updating the Nextflow executor profile and building
Apptainer images from the container definition files, with no modifications to unit code.
The Julia forward model was ported later by the RSE, yielding a 10-100x speedup
over the Python baseline. Diagnostic units were added after the study was first as-
sembled without modifying any existing unit. Conda lock files and CI automation
(Isol, Iso4) remain to be added before wider distribution. In this study, human col-
laborator harmonization, platform portability, and coordination overhead, among oth-
ers, were addressed through Isol-3, Int1-3, and Orchl—4. The study is available at
https://github.com/nicodirkes/bpc__hemolysis.

5.2 Bayesian Calibration of a Mass Flow Model

In this study, we use Bayesian inference with MCMC against field observations to cali-
brate the parameters of a geophysical mass flow simulator [ZYBK23, MPK 25, OWF " 26]
that models natural hazards such as landslides and avalanches. Because the forward sim-
ulator is computationally expensive, calibration proceeds in two stages: first a surrogate
is trained on simulator runs, then MCMC inference proceeds using the surrogate. Two
collaborators with complementary expertise developed the study: a UQ-methods re-
searcher on Windows, proficient in Python and R, who wanted to apply surrogate-based
calibration to a real-world use case that requires an expensive simulator; and a computa-
tional scientist with experience in high-fidelity mass flow simulators, who is also an RSE
on Linux, and builds and maintains the study. The study spans four units across three
language ecosystems: a Latin Hypercube Sampling unit in Julia generates a parameter
design; the forward simulator in Python evaluates each input configuration from the
design space and returns model responses; a surrogate training unit in R fits a Gaussian
process emulator to the design and response (Pattern A). A surrogate serving unit in R
then provides access to predictions over HT'TP, and an MCMC inference unit in Python
queries it in an online loop to infer the model parameters (Pattern C).

Each unit is isolated in a dedicated conda environment (Isol) and additionally con-
tainerised using Apptainer for running on HPC (Is02, Iso3), so no unit code needs to
be modified. Latin Hypercube samples and forward model responses are exchanged as
CSV files; MCMC outputs are written in HDF5. Both are language-agnostic formats
exchanged through the filesystem (Intl, Int2), bridging the Julia, Python, and R units
across the pipeline. The surrogate unit is decomposed into a training sub-process and
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a serving sub-process so that the emulator need not be retrained on every run; they
exchange the trained model as an RDS file. The surrogate server provides access to
predictions via the UMBridge interface; the Python MCMC client queries it without any
language bridging (Int3). The full workflow is automated in Nextflow (Orchl), which
sequences the two stages so that MCMC calibration starts only after the surrogate is
trained (Orch2) and skips completed computational model simulations on rerun, so an
interrupted run need not repeat the expensive simulation stage (Orch3). The surrogate
server signals readiness by writing its network port to a sentinel file; the MCMC client
connects once the file appears (Orch4).

Assembling this study is where we first identified the sentinel file pattern (Orch4).
An R server implementation of the UMBridge interface was not yet available; we im-
plemented it locally, and an upstream contribution is underway. We have executed the
study end-to-end on Windows and Linux laptops and on a local Linux cluster. In this
study, dependency conflicts, coordination overhead, and human collaborator harmoniza-
tion, among others, were addressed through Isol-3, Int1-3, and Orch1-4. The study is
available at https://github.com/thealanjason/bpc_ massflow.

5.3 Benchmarking Gaussian Process Emulators for High-Dimensional Problems

In this study, we benchmark Gaussian process emulator (GPE) implementations against
five benchmark datasets, with a focus on high-dimensional inputs and outputs. The
study was developed by a master’s student on macOS, proficient in Python, who needed
to apply a GPE method from other domains to the geohazard domain and benchmark
it against existing implementations in a reproducible way. The study fans out these
datasets to multiple emulator implementations in parallel, then aggregates and scores
the results (Pattern B). The datasets span synthetic and real-world scenarios, generated
locally or fetched from Figshare and Zenodo; all are preprocessed by a shared prepro-
cessing unit. The emulator implementations span two language ecosystems, with twelve
implementations built on GPyTorch [GPB*18] in Python and RobustGaSP [GWBI18] in
R, covering exact inference, deep kernel learning, dimensionality reduction, and multi-
output methods. Each emulator unit reads the preprocessed data, runs independently,
and writes results; a metrics aggregation unit gathers all outputs and scores them for
comparison.

Each emulator unit runs in its own conda environment with a pinned lock file (Isol), so
adding a new emulator introduces no dependency conflict with any existing unit. Data
at all unit boundaries is in HDF5, exchanged through the filesystem (Intl, Int2), so any
emulator reads and writes through the same format regardless of language. The study is
automated in both Nextflow and Snakemake (Orchl); both support local and SLURM
execution profiles (Orch2), and the Snakemake version skips completed emulator runs on
rerun (Orch3). CI automatically regenerates conda lock files whenever an environment
specification changes (Iso4), and a benchmark run is triggered on every push to the main
branch with results uploaded as a GitHub artifact.

The master’s student applied kPCA-PPGaSP, a GPE method from the literature,
as a new unit and compared it against other implementations; adding the new unit
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required no changes to any existing unit. We implement the study in both Nextflow
and Snakemake to demonstrate that our approach is not tied to any particular workflow
manager; both versions follow the same unit contracts and produce consistent results.
GPU-accelerated execution is supported for PyTorch-based emulators in the SLURM
profile. We have run the study on macOS and on a local Linux cluster. In this study,
dependency conflicts, environment drift, and unit-level reproducibility, among others,
were addressed through Isol, Iso4, Int1-2, and Orch1-3. The study is available in two
versions: Nextflow at https://github.com/gary8564/gpe bench nxf and Snakemake at
https://github.com/gary8564/gpe_bench_ smk.

6 Robustness in the Computational Research Ecosystem

Productive research in science and engineering depends on building and maintaining ro-
bust computational studies as the study grows and changes. Drawing on the notion of
robustness in sociotechnical systems [Glul2], a computational study is robust if it con-
tinues to produce reliable and accurate results in the face of disturbances. Just as FAIR
properties are not inherited when components are assembled, neither is robustness — it
must be deliberately engineered into the study. We operationalize robustness through
four capabilities:

1. Tolerate perturbations: remain functional when individual computational units are
updated or replaced.

2. Handle variability: remain effective across diverse operating systems, programming
languages, hardware platforms, and data formats.

3. Withstand adverse conditions: remain operational under infrastructure migration
and human collaborators joining or leaving, and recoverable on interruption of a
long-running computation.

4. Support modular extensibility: accommodate new computational units and new
human collaborators added after the study is first assembled, without breaking
existing ones. Studies grow as new scientific questions are asked and new methods
and data sources become available; a robustness framing must account for it.

The three pillars of SHOWME.how were designed to address the failure modes pre-
sented in Section 2.2 — component-level reproducibility, system-level coordination, and
human collaborator harmonization. Each pillar addresses one or more of these capabil-
ities, though none is secured by a single pillar alone. Isolation mainly underpins the
ability to tolerate perturbations, Interoperation the ability to handle variability across
languages and platforms, and Orchestration the ability to withstand adverse conditions
and to support modular extensibility. The criteria in Table 1 make that coverage explicit
and checkable against a concrete study.

This rubric is prescriptive: it states what a robust study must satisfy, not what any
particular study has been shown to satisfy. The hemolysis use case (Section 5) satisfies
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Table 1: Robustness checklist for a computational study. A study satisfying all criteria
continues to produce reliable and accurate results under a wide range of practical con-
ditions and perturbations.

Capability Criterion Strategy
Tolerate Per-OS, per-architecture lock file or container image per Isol-Iso2
perturbations unit.
All random state seeded per thread, rank, and library. —
No language-tied serialisation format at any unit bound- Intl
Handle ary.
ariabilit
varlabIity Workflow runs without unit-code changes across all target Isol-Iso3
operating systems.
If needed, live-loop coupling (Pattern C) uses a language- Int3
agnostic protocol.
A single Dockerfile drives both Docker and Apptainer im- Iso3
Withstand ages; porting to HPC requires no unit-code changes.
adve?s.e Executor configuration handles scheduler and runtime dif- Orch2
conditions ‘
erences.
CI is implemented to keep multi-architecture environment Iso2, Iso4
lock files and container builds current.
The study resumes from the last completed step on inter- Orch3
ruption.
Each unit declares inputs, outputs, script, and environ- Orchl
ment as a self-contained contract.
Support
modular No unit bridges programming languages through wrapper Isol-Iso2,
extensibility code. Intl
Adding a new computational unit requires no changes to Orchl, Isol—
any existing one. Iso2, Intl
A new human collaborator can reproduce the study from Isol-Iso2,
a repository clone, a single environment for the workflow Orchl
manager, and one run command.
Any human collaborator can understand the purpose and  Orchl, Isol—
interfaces of each computational unit from the unit con- Iso2, Intl

tract alone.

T A single global seed is insufficient under parallel execution; each thread, rank, and library maintaining
independent state must be seeded separately (e.g. NumPy’s Generator, Julia’s Random.seed!, R’s
set.seed each manage independent state).
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several criteria: the study runs end-to-end without unit-code changes on Linux, macOS,
and Windows, and diagnostic units were added after the study was first assembled with-
out modifying existing ones. All boundary files use language-agnostic formats (HDF5,
NetCDF, CSV, or JSON), and a new human collaborator reproduced the study with a
git clone, a single conda environment for the workflow manager, and one run command.
Numerical equivalence of outputs across operating systems has not been verified system-
atically; the study involves stochastic units, and cross-OS equivalence is contingent on
the random-state seeding criterion being fully implemented, which remains open. Nev-
ertheless, the rubric remains useful independently of any particular use case: it provides
a concrete set of criteria for assessing and improving robustness in any computational
study operating within a heterogeneous and evolving computational research ecosystem.

7 Conclusion and Outlook

We examined the computational research ecosystem and framed a computational study
as a goal-oriented, strongly coupled sociotechnical system in which data, computational
units, and human collaborators interact bidirectionally to generate value. This new per-
spective revealed a set of practical challenges that stem from looking at the system as
a whole: language-tied data formats, provenance, and portability across hardware plat-
forms and operating systems; coordination overhead; and the harmonisation of human
collaborators across distinct roles and experience levels. Existing approaches address ei-
ther the reproducibility of individual units or the coordination across units and data, but
none treats the computational research ecosystem as a whole and none ensures that FAIR
properties are inherited when components are assembled into a study. What is needed
is not more tools, but an approach that addresses all these challenges simultaneously.
SHOWME.how addresses this gap through three complementary pillars: Isolation, Inter-
operation, and Orchestration, designed to manage heterogeneity in data, computational
units, and human collaborators as computational studies evolve, with reproducibility and
reusability following as consequences rather than standing as the sole goals.

Computational studies built following the SHOWME.how approach are reproducible,
portable across hardware platforms and operating systems, reusable, and extensible to
include new collaborators, methods, data, and infrastructure. Any computational unit
can be integrated into the study regardless of the language it is written in or the operating
system it runs on; data flows across unit boundaries in language-agnostic formats; and
individual units can be carried into new studies without modification. We demonstrated
the approach across three use cases spanning Bayesian calibration of a hemolysis model
and a geophysical mass flow model, and benchmarking of Gaussian process emulators
for high-dimensional problems, between them exercising all three recurring workflow
patterns. We further showed that the three pillars operationalize robustness, allowing
computational studies to tolerate perturbations, handle variability, withstand adverse
conditions, and support modular extensibility (Section 5). The approach demonstrates
that it works across diverse domains, team compositions, and workflow patterns.

As future work, several directions are worth pursuing. The robustness rubric provides
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a prescriptive checklist; quantitative scoring and extension to new use cases call for
further work. Streaming and digital-twin studies, where a model receives continuous live
input, would require adopting SWMSs designed for streaming execution, such as those
catalogued by the Workflows Community Initiative [SCA"26]. Finally, studies employing
SHOWME.how already make explicit the unit contracts — the input, output, script, and
environment specifications of each unit — that portable workflow descriptions require,
making it straightforward to describe studies in CWL and package them as RO-Crates
for sharing through WorkflowHub [SSCT22, GWB"25].
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